Quantitative trait locus (QTL) main effects and QTL by environment (QTLxE) interactions for seven agronomic traits (grain yield, days to heading, days to maturity, plant height, lodging severity, kernel weight, and test weight) were investigated in a two-row barley (Hordeum vulgare L.) cross, Barrington/TR306. A 127-point base map was constructed from markers (mostly RFLP) scored in 146 random double-haploid (DB) lines from the Harrington/TR306 cross. Field experiments involving the two parents and 145 random DB lines were grown in 1992 and/or 1993 at 17 locations in North America. Analysis of QTL was based on simple and composite interval mapping. Primary QTL were declared at positions where both methods gave evidence for QTL. The number of primary QTL ranged from three to six per trait, collectively explaining 34 to 52% of the genetic variance. None of these primary QTL showed major effects, but many showed effects that were consistent across environments. The addition of secondary QTL gave models that explained 39 to 80% of the genetic variance. The QTL were dispersed throughout the barley genome and some were detected in regions where QTL have been found in previous studies. Eight chromosome regions contained pleiotropic loci and/or linked clusters of loci that affected multiple traits. One region on chromosome 7 affected all traits except days to heading. This study was an intensive effort to evaluate QTL in a narrow-base population grown in a large set of environments. The results reveal the types and distributions of QTL effects manipulated by plant breeders and provide opportunities for future testing of marker-assisted selection. (Zeng, 1994; Jansen and Starn, 1994) incorporates covariate effects of background markers dispersed throughout the genome. These covariates account for the effects of QTL at positions other than those being tested, increasing the power and precision of QTL mapping.
M
OLECULAR MAPSofplantgenomes, used in conjunction with phenotypic measurements, can provide information about chromosome regions that affect quantitative traits. Although knowing whether such regions represent individual quantitative trait loci (QTL) or groups of linked QTL is seldom possible, information about QTL regions can help us understand and manipulate genes that affect important plant traits.
The positions of QTL on linkage maps can be estimated by interval mapping. With simple interval mapping (SIM) (Lander and Botstein, 1989; Haley and Knott, 1992) , statistical tests are made at many map positions and QTL are inferred to be present where test statistics reach local maxima. Composite interval mapping (Zeng, 1994; Jansen and Starn, 1994) incorporates covariate effects of background markers dispersed throughout the genome. These covariates account for the effects of QTL at positions other than those being tested, increasing the power and precision of QTL mapping.
Evaluation of progeny in multiple environments presents additional challenges and opportunities for QTL analysis. The positions of QTL are presumably constant within a genome, but the effects of QTL alleles can differ among environments because of QTL by environment (QTL x E) interaction. Often, QTL analysis is performed separately for each environment, but using data from all environments simultaneously is preferable. Hayes et al. (1993b) used SIM to detect QTL main effects and QTL x E interactions for progeny tested in multiple environments. Beavis and Keirn (in press ) suggested mixed models for the analysis of QTL X E interactions, but these methods have not been developed for interval mapping. Tinker and Mather (1995a) described a simplified method of composite interval mapping (sCIM) and extended both SIM and sCIM for the analysis of QTL in multiple environments. They also tested a permutation method to establish significance thresholds. They suggested that SIM be used for making primary QTL inferences, and that sCIM be used to refine those inferences or find additional QTL that may have been masked in the SIM analysis.
Barley (Hordeum vulgare L.), a diploid with a relatively small genome, is well suited to genetic mapping and QTL analysis. Experimental populations of homozygous doubled-haploid (DH) lines can be readily developed. These populations are ideal for QTL analysis, particularly with multiple environments, because each line can be replicated indefinitely. Barley cultivars are normally developed and released as homozygous lines, so inferences about QTL in these populations are useful and meaningful. Results of QTL investigations in barley have been reported by Jensen (1989) , Powell et al. (1990a,b) , Kjaer et al. (1991) , Thomas et al. (1991 Thomas et al. ( , 1995 , Hackett et al. (1992) , Hayes et al. (1993a,b) , Barna et al. (1993) , Backes et al. (1995) , and Laurie et ai. (1995) . Abbreviations: cM, centimorgan; QTL, quantitative trait locus or loci; QTL x E, QTL by environment; DH, doubled haploid; SIM, simple interval mapping; sCIM, simplified composite interval mapping; h2, heritability. Here, we describe an experiment to characterize QTL that affect seven agronomic traits in a DH population from a two-row barley cross. This is the first QTL study in which both parents are North American two-row barley varieties. These parents share a higher degree of coancestry than those used in most other QTL studies. Traits were evaluated in a large and diverse set of environments by collaborators in the North American Barley Genome Mapping Project.4The narrow genetic base of this cross, together with the extensive phenotypic evaluation, provides a unique opportunity to investigate the types of QTL typically manipulated by plant breeders.
MATERIALS AND METHODS

Plant Material
'Harrington' (Harvey and Rossnagel, 1984) and 'TR306' are two-row barley selections with spring growth habit. Harrington is an imp0l1ant malting cultivar in North America. TR306, an experimental line developed at the University of Saskatchewan, shares some common ancestry with Harrington but does not have good malting quality. Based on pedigree data, alleles in Harrington and TR306 are expected to be identical by descent at 22% of loci.
A cross was made between single plants of Harrington and TR306. A population of 150 random DH lines was produced from the resulting F, by the Hordeum bulbosum L. method (Kasha and Kao, 1970; Chen and Hayes, 1989) . For several of these lines, there were suspected errors in data acquisition, so subsets of DH lines (146 for ma,ker mapping; 145 for QTL analysis) were used in subsequent analyses.
Molecular Markers
Mapping of more than 200 marker loci (mostly RFLP) was performed in the Harrington/TR306 DH population by Kasha et a!. (1995) . A subset of 127 markers was chosen to give a base map with relatively uniform coverage. Where possible, the markers in the base map were chosen at 2-to 5-cM intervals. GMendei version 3.0 (Holloway and Knapp, 1994) was used to estimate map order and centimorgan distances for the base map from marker data for 146 DH progeny. Monte Carlo analyses were performed to verify locus ordering. The X2 statistic was used to tcst for deviations from the expected 1: 1 segregation ratio.
Quantitative Traits
Data for seven agronomic traits (Table 1) were collected in 1992 and/or 1993 at 17 locations, giving a total of 30 
QTL Analysis
Analysis of QTL, performed with the software package MQTL (Tinker and Mather, 1995b) , consisted of four steps: (i) performing interval mapping to find evidence of QTL, (ii) estimating thresholds for inferring QTL presence, (iii) inferring the presence of QTL and estimating their positions, and (iv) estimating the additive allelic effects at putative QTL.
Interval Mapping
Genome-wide QTL searches were performed by SIM and sCIM (Tinker and Mather, 1995a) , each with a test for QTL main effects and a test for QTL x E interaction. Thus, four scans (plots of the test statistic against map position) were produced for each trait. Environments were assumed to have fixed effects.
Estimating Thresholds
All four scans were based on a test statistic for linear models described by Haley and Knott (1992) . Although this test statistic is an approximation of the likelihood ratio, no assumptions were made about its distribution. Instead, significance thresholds were estimated separately for each trait by permutation (Churchill and Doerge, 1994) as follows. Phenotypic values were assigned randomly to DH lines, then SIM was applied to the permuted data to determine the maximum values of the test statistics for QTL main effect and QTLxE interaction. This procedure was repeated 5000 times to approximate the distributions of the maximum test statistics under the null hypothesis (no QTL). These distributions were then used to estimate thresholds to maintain the genome-wise type-I error rate below 5%. In simulation studies, Tinker and Mather (1995a) found this procedure provided good control of type-I error rate for SIM, even when environments had different amounts of residual variance. Thresholds for sCIM were not estimated, for reasons given by Tinker and Mather (l995a).
Making Inferences and Estimating QTL Positions
Two levels of QTL inference were made. Primary QTL were declared at positions where SIM peaks were significant for either QTL main effects or QTL x E interaction and where sCIM peaks were also strong. Secondary QTL were declared where either SIM or sCIM, but not both, gave evidence for a QTL. Estimates of the positions of primary and secondary QTL corresponded to the peaks of the sCIM scans. When evidence for a QTL main effect and a QTL x E interaction were found near the same position, a single QTL was inferred based on the effect that seemed strongest.
Estimating Allelic Effects
Main effects and QTL X E interactions were estimated in multi-locus linear models. Each estimated main effect corresponded to the average difference between homozygous classes for a given QTL. Estimates were made for a model that included only primary QTL, as well as for a model that included both primary and secondary QTL. Reduction in variance (R2), relative to a model that included only the environmental main effects, was estimated for models with four levels of complexity; Model I, primary QTL main effects, Model 2, primary QTL main effects and primary QTL XE interactions, Model 3, main effects and QTLXE interactions for both primary and 
RESULTS
Molecular Markers
The 127-marker base map (Fig. I ) contained a total linkage distance of 1270 cM, with an average distance between markers of 10.5 cM. There were gaps greater than 25 cM on chromosomes 2, 5, and 7. In 500 Monte Carlo analyses, the estimated order of markers in the base map remained constant. Two loci (MWG844 on chromosome 2 and ABG715 on chromosome 4) showed segregation ratios that differed significantly from I: I (P < 0.01) by the r! test. Slight differences in estimated distances between markers from the previously published map (Kasha et aI., 1995) were caused by the inclusion of additional marker information, the exclusion of four progeny, the exclusion of markers from tightly linked clusters, and the exclusion of markers with large amounts of missing data. The data set for the markers contained in the base map was 95 % complete.
Quantitative Traits There were large differences, among environments, in mean performance for all traits ( Shepherd and Islam (1992) . Plus arms are shown at the top of the figure and approximate centromere positions are shaded. Loci marked with a heavy band are those used as background markers in composite interval mapping.
was considerable heteroscedasticity (differences in the amount of non-genetic variance) among environments. Averaged across environments, quantitative trait distributions were approximately normal, with ranges of about four to six standard deviations (Table 4) . For each trait, the mid-parent value was approximately equal to the mean of the DH lines. For yield, heading, and maturity, the values of the parents differed by less than one standard deviation, and there were transgressive DH segregates that differed from both parents by approximately two standard deviations or more. For the remaining four traits, the parents differed by more than one standard deviation. TR306 had taller plants, higher kernel weight, higher test weight, and less lodging than Harrington. For these four traits, there were transgressive DH segregates that differed from both parents by more than one standard deviation.
Neither lodging nor yield were correlated (P = 0.05) with height (Table 5) . Heading was not correlated with any trait except yield and maturity. The correlation between yield and heading was negative. All significant correlations that involved lodging were also negative. The strongest negative correlation was between yield and lodging. All remaining correlations were positive. The strongest positive correlations were between heading a~d maturity, and among kernel weight, test weight, and Yield.
QTL Analysis
A total of 56 putative QTL were found (Fig. 2) . Of these, 31 were primary QTL and 25 were secondary QTL. There were three to six primary QTL per trait, most with strong main effects. Allelic effects of primary QTL were relatively constant across environments (bar charts in Fig. 2 ) and most primary QTLXE interactions resulted from changes in magnitude rather than sign of allelic effect. Primary QTL with strong crossover-type interactions included a QTL for yield on chromosome 1, a QTL for maturity on chromosome 6, a QTL for lodging on chromosome 4, QTL for kernel weight on chromosomes 4 and 7, and a QTL for test weight on chromosome 1. These regions had peaks that were much stronger in the scans for QTL XE than in the scans for QTL main effect.
Most primary QTL were within one of eight genomic regions that affected more than one trait. One region near the end of the plus arm of chromosome 7 affected all traits except heading. In this region, the presence of a Harrington allele increased lodging and decreased yield, maturity, height, kernel weight, and test weight. For secondary QTL, main effects tended to be smaller than those of the primary QTL, and many of the secondary QTL were detected because of their QTL x E interactions. Some notable exceptions included secondary QTL for heading (on chromosomes 3 and 6), and yield (on chromosomes 1, 2, 5, and 6), for which strong main effects were found.
The QTL that accounted for the greatest proportions of phenotypic variance were those that affected heading and kernel weight (Table 6 ). For yield and lodging, relatively little phenotypic variance was accounted for by main effects of primary QTL. With the addition of secondary QTL and QTL x E interactions, the proportion of phenotypic variance explained for yield was approximately the same as that for maturity, height, or test weight. The proportions of genetic variance explained by primary QTL were smallest for yield (34 %) and largest for heading (52 %). Full QTL models (i. e., with primary and secondary main effects and QTL X E interactions) explained 39% (for test weight) to 80% (for heading) of the genetic variance. Models that contained all of the background markers (with no specific QTL effects) explained more variance than the full QTL models. The proportions of variance explained by the background markers were approximately equal to or greater than h2 (Table 6 ).
DISCUSSION
Quantitative Traits
Estimates of Heritability
We chose to perform unreplicated tests in 1992 to maximize the number of DH lines and environments. This approach was justified by theoretical work of Knapp and Bndges (1990) , although estimating h2 within the non-replicated environments was not possible. The estimated h2 values varied among 1993 environments; in some environments, no genetic variance was detected. Presumably, large differences in~were also present among the 1992 environments and among the nonreplicated 1993 environments.
Correlation among Traits
Genetic correlation among traits is caused by linked or pleiotropic QTL. The correlation coefficients observed among these-agronomic traits suggested that chromosome segments associated with reduced lodging were associated with increased values of most other traits. The lack of correlation between heading and most other traits suggested that loci affecting heading were independent of those affecting other traits. Correlations among yield, heading, and maturity suggested that yield was increased by factors that allowed longer periods of grain fill. Although correlations were based on means of lines across many environments, they still included a fraction of non-genetic correlation.
Analysis of QTL Error Control with Permuted Thresholds
Based on permutation-derived thresholds, the expected rate of type-I error for primary QTL was less than 5 % per SIM scan. The rate may have actually been lower because primary QTL were not declared at positions where there was no sCIM peak. However, type-I error was controlled separately for main effects and interactions, and separately for each trait. Therefore, the type-I error rate across this entire study was probably greater than 5%.
Primary versus Secondary QTL
Because of the use of permutation-derived thresholds for SIM, the primary QTL are those in which we have most confidence. Primary QTL also showed the most consistent and largest effects. Because we were unable Fig. 1 ). Horizontal dashed lines show thresholds for testing 81M. These thresholds were estimated from 5000 permutations of the data to maintain experiment-wide type I error rate below 5%. Positions of primary QTL are shown by darkened triangles located at the peaks of the sCIM scans. Estimated QTL main effects (i.e., the average effect of substituting two Harrington alleles for two TRJ06 alleles) are shown for primary QTL (numbers beside the darkened triangles) and for secondary QTL (in parentheses). Bar charts beside each primary QTL depict the relative magnitudes of estimated QTL effects for each environment (arranged west to east).
to derive a threshold for use with sCIM, there was some uncertainty associated with this method. Therefore, inferences drawn solely from sCIM were classified as secondary QTL. Nevertheless, sCIM contributed further information useful for interpreting QTL inferences.
In some cases, sCIM gave strong evidence for a QTL at a position where the SIM scan was not significant. This result can occur for a number of reasons. First, sCIM can detect QTL with smaller effects because it accounts for the genetic component of the background (18) 23 (38) 24 (39) 59 (97) t Estimated based on the average h' from Table 3 (estimates greater than 100% have been truncated). :j:Model I, main effects for primary QTL; Model 2, main effects and QTL by environment interactions for primary QTL; Model 3, main effects and QTL by environment interactions for primary and secondary QTL; Model 4, main effects and interactions with environment for all background markers.
variance; for yield, many strong sCIM peaks for main effect were located in regions where SIM peaks were present but not significant (Fig. 2) . Second, sCIM shows regions where there is evidence for multiple linked QTL. In many cases (e.g., lodging and kernel weight on chromosome4, Fig. 2 ) sCIM suggested the presence of linked QTL that interacted with environment. There were also instances where SIM gave evidence for a QTL but sCIM did not. Such a result could arise because sCIM has eliminated sampling variance that contributed to type-I error for SIM. Alternatively, it could indicate that the SIM scan was influenced by two separate QTL that were not strong enough to manifest themselves as two separate peaks in the sCIM scan. This situation only occurred at positions where SIM was marginally significant, so we considered these peaks as evidence of secondary QTL.
Estimates of Allelic Effect
The assumption of fixed environments restricted the estimates of allelic effect to the specific environments used, but it allowed for SIM and sCIM to be implemented with simple methods ofleast-squares regression. Furthermore, it allowed us to consider the possibility of observable patterns (e.g., east-west or north-south trends) of QTL XE interaction. Several QTL x E interactions were clearly crossover interactions, with positive effects in some environments, negative effects in other environments, and with no significant main effects. Some QTL XE interactions were clearly due to changes in magnitude, while other QTL XE interactions could not be easily classified. There was substantial sampling error associated with single-environment estimates, so random fluctuations in the estimated direction of small QTL effects were expected.
Interpretation of QTL
The data presented here fit the classical concept that traits exhibit quantitative variation when they are affected by multiple loci with small effects. All traits examined in this study were affected by at least three primary QTL. Often, the largest three or four QTL for a given trait had effects that were approximately equal, and none of the QTL exhibited a single overwhelming effect. Secondary QTL had effects that were less consistent across environments. Presumably there were other undetected QTL with small effects that would be difficult to detect in any experiment.
For yield, heading, and maturity, both parents contributed approximately the same number of favorable alleles. Thus, even though these traits were similar in the parents, many progeny had values that were substantially higher or lower than the midparent values. For the remaining traits, the predominant directions of primary QTL effects are reflected in the differences between the parents. The fact that these traits still showed some transgressive segregation may be accounted for by secondary QTL and other QTL that were not detected in this experiment.
None of the QTL models explained all of the estimated genetic variance for a trait (Table 6 ). This suggests the presence of undetected QTL, the presence of epistasis, or both. Major epistatic interactions did not seem to be present for these traits because phenotypic distributions were approximately normal and centered on mid-parent values (Table 4) . Furthermore, models containing all background markers explained all or most of the genetic variance (Table 6 ), even though they contained no interlocus interactions. Although minor QTL XE interactions may have been present, we conclude that additive QTL effects were responsible for most of the genetic variance for these agronomic traits.
This experiment could not determine whether chromosome regions that affected multiple traits contained a single pleiotropic locus, or whether they contained two or more linked loci. Either situation would have contributed toward genetic correlations among traits. In regions with multiple QTL, the signs (positive or negative) of allelic effect were usually in agreement with the observed correlations among traits. Most notably, the allelic effects near cM position 0 on chromosome 7 seemed to be reflected in the correlations among traits. Not all QTL followed this pattern. For example, two regions (one on chromosome 3, and one on chromosome 4) contained primary QTL that affected both yield and heading in the same direction. Thus, the small negative correlation between yield and heading must have been due to other minor QTL effects, or to environmental correlation.
Interpretation of QTL x E
By including many environments in this study, we have identified QTL that were relevant in a broad spectrum of environments. Furthermore, by performing QTL analyses that were combined over environments, we should have gained precision for estimating QTL position. The genomic position of a QTL is constant but the effect of a QTL may vary by environment. The QTL analyses presentedhere accountedfor QTLX E interaction, and provided a formal test for its presence. While most of the primary QTL showed relatively constant effects, there was clearly a considerable amount of QTL XE. Even QTL detected at positions where QTL XE was not significant seemed to have effects that varied by environment (Fig. 2) . In reality, we expect that some QTLxE is always present.
By treating environments as fixed, we were abled to estimate the effects of QTL in specific environments. The summary of effects presented here (Fig. 2) illustrates some general trends. For example, some of the QTL for yield showed allelic effects that changed sign depending on environment. There also seemed to be a trend toward stronger expression of QTL for kernel weight or test weight in eastern environments. A detailed examination of specific environments is beyond the scope of this report.
Comparison to Other Barley QTL
The Steptoe/Morex barley map (Kleinhofs et ai. 1993) shared many common markers with the map reported here, so the QTL studied by Hayes et aI., (1993b) provided the best opportunity for comparing the positions of QTL. Of the five primary QTL for yield, only the QTL x E interaction on chromosome 1 seemed to correspond to a yield QTL in Steptoe/Morex. For heading, the two primary QTL on chromosome 1 may have corresponded to QTL detected in Steptoe/Morex. Two of the three primary QTL for plant height (that on chromosome 1, and that closest to the centromere of chromosome 7) corresponded closely with height QTL detected in Steptoe/Morex. Of the four primary lodging QTL, those on chromosomes 2 and 4 may have corresponded with QTL detected in Steptoe/Morex. For most traits, there were also a few secondary QTL that were coincident with QTL detected in Steptoe/Morex.
None of the QTL detected by Kjaer et ai. (1991) or by Hackett et al. (1992) seem to be near regions where we have located QTL in Harrington/TR306. Traits studied by Barua et ai. (1993) and Thomas et ai. (1995) in a two-row cross were affected strongly by the denso locus on chromosome 3. The denso locus was not polymorphic in Harrington/TR306, and there were no QTL in the region where we would expect denso to be located. Locus V on chromosome 2 conditions the two-row vs six-row character in barley, but it may also affect many quantitative traits (e.g., Powell et aI., 1990b) . This locus was not polymorphic in Harrington/TR306 and, apart from a QTL with a small effect on lodging, we found no QTL this region. Powell et al. (1990a) found a QTL near Amyl with significant effects on kernel weight and single plant yield. We also detected QTL for test weight and yield in Harrington/TR306 in the region of Amyl. In other reports, kernel weight has been associated with the GPert locus (Thomas et aI., 1991) or a QTL named Kwl (Jensen, 1989) . Both of these loci are on chromosome 7, but we cannot determine their location on the Harrington/TR306 map. Of the primary QTL we found in Harrington/ TR306, it seems that any of the following QTL could have coincided with QTL detected by Backes et ai. (1995) in a two-row winter barley population: the yield QTL on chromosomes 4 and 7, the heading QTL on chromosome 7, two height QTL on chromosome 7, lodging QTL on chromosomes 4 and 7, and the kernel weight QTL on chromosomes 4 and 7.
Genes affecting heading were studied by Laurie et ai. (1995) in a spring x winter barley cross. None of the five major genes that affected vernalization or photoperiod response in that cross corresponded with positions of heading QTL in Harrington/TR306. However, several of the primary QTL in Harrington/TR306 (on chromosomes 1, 3, and 4) were detected in the vicinity of three QTL reported by Laurie et al. (1995) for earliness-per-se (i.e., they affect developmental rate without being dependent on environmental cues). This suggests that variation in heading date in Harrington/TR306 was caused by polymorphism at earliness-per-se genes-a speculation that is consistent with the absence of major QTL XE interactions for this trait.
We expect to find different QTL in different populations because different alleles segregate, but there are other reasons why different experiments may not detect the same QTL. Identical experiments that use different samples from the same population can detect different subsets of QTL. Experiments may use different molecular markers and different maps that cover different regions of the genome. Experiments may be conducted in dissimilar environments and/or with different methods for measuring traits, so QTL x E interaction can contribute to the discovery of different QTL. Different methods of QTL analysis may emphasize control of different types of statistical error. For example, we would have detected many additional QTL in this study had we controlled comparison-wise rather than genome-wise type-I error rate. Despite these uncertainties, comparisons among QTL studies can reveal chromosome regions where QTL frequently segregate. This may provide guidance for the eventual identification of specific genes that are responsible for quantitative trait variation. Robertson (1985) postulated that many QTL may represent the same genes for which qualitative mutations are known. In barley, many morphological mutations have been described, but their map positions are known only approximately. Integration of morphological markers into current genetic maps will provide opportunities to find relationships between quantitative and qualitative loci.
CONCLUSIONS
We detected a total of 56 QTL for seven agronomic traits in the two-row barley cross Harrington/TR306. Agronomic data were collected in a large and diverse set of environments, allowing for the detection of QTL that were expressed consistently across environments as well as those that interacted with environment. The numbers of QTL, their positions, and their allelic effects were consistent with the quantitative trait distributions and the correlations among traits. Some QTL were at positions similar to those of QTL detected in other barley populations.
Most QTL have been studied in populations derived from relatively wide crosses. In terms of genetic diversity for agronomic traits, the Harrington/TR306 population is more typical of breeding populations. Breeders often make crosses between related lines that show small differences for several traits. Harrington and TR306, with 22 % common ancestry, were almost identical in mean performance for three traits, and slightly different in mean performance for four other traits. Therefore, the number of QTL and the magnitude of QTL effects revealed by this study are probably typical of what is manipulated in plant breeding programs. At first glance, the identification of new lines that combine aU positive attributes might seem trivial. However, a population from this cross will contain segregating QTL in approximately 13 regions. Ignoring linkage, the frequency of a "perfect genotype" in this DH population is less than one in 8000.
Many of the QTL detected in this study had effects that were highly consistent across many environments. These QTL may be amenable to marker-assisted selection. Regardless of whether or not QTL are used for marker-assisted selection, information about QTL contributes to a greater understanding of the genetic control of important traits and provides important insight to plant breeders.
